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ABSTRACT

Predictive maintenance of Hard Disk Drives (HDDs) using machine learning is vital
for preventing data loss and operational downtime in data centres. Sequential
SMART (Self-Monitoring, Analysis, and Reporting Technology) data provides a rich
source for forecasting impending failures. However, a clear consensus on the most
effective modelling approach is absent, constituting a knowledge gap caused by
studies that focus on a single paradigm without a comprehensive, comparative
benchmark across multiple task types. This research aims to systematically
evaluate and rank the performance of over 20 models across regression,
classification, time-series forecasting, and anomaly detection tasks to identify the
optimal strategies for predicting HDD failures. We conducted an extensive
empirical study, employing tree-based models, deep learning architectures,
including LSTMs (Long Short-Term Memory networks), GRUs (Gated Recurrent
Units), and Temporal Fusion Transformers (TFT), as well as various autoencoders.
A full hyperparameter sweep was performed for time-series models to ensure
robust comparisons. Tree-based models excelled in static analysis, while deep
learning was superior for temporal sequences. The TFT model achieved the
highest average accuracy (86.12%) and best generalisation. The GRU model
attained the highest failure recall (92.52% peak accuracy). Conversely, anomaly
detection methods demonstrated only moderate performance (65-73% accuracy).
The key contribution of this work is a definitive, evidence-based model selection
framework that addresses this gap. The TFT architecture is identified as the most
robust and efficient model for analysing temporal SMART data. Practitioners
should prioritise tree-based models for static tabular data, TFT for accurate and
reliable forecasting, and GRU for maximising failure detection sensitivity, thereby
significantly enhancing predictive maintenance frameworks..
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Classification; Time Series; Auto Encoders; Sequence-2-Sequence.
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1. INTRODUCTION

Time series datasets are prevalent in various application domains, including, but not limited to, sales
or continuous variables forecasting, Internet of Things (IoT) sensor networks for surveillance and
remote sensing for early intervention and prevention, health monitoring using wearable health
devices, and notably in predictive maintenance (PdM). PdM has emerged as a pivotal strategy in
modern industrial operations, driven by the increasing complexity and criticality of machinery and
equipment across various sectors. Traditional maintenance approaches, such as reactive or scheduled
maintenance, often result in suboptimal performance, higher operational costs, and increased
downtime. Reactive maintenance, also known as Run-to-Failure (R2F), addresses failures only after
they occur, resulting in costly unplanned outages and significant production losses. Scheduled
maintenance, also labelled Preventive Maintenance (PM), while proactive, can result in unnecessary
downtime and the cost of maintenance work if performed too frequently or without considering the
actual condition of the equipment. Others also identify Condition-Based Maintenance (CBM)
Systems that are maintained based on simple rules using equipment information [1].

In contrast, Predictive Maintenance (PdM) leverages advanced technologies such as the
Internet of Things (IoT), data analytics, data mining, Artificial Intelligence (Al), machine learning
(ML) and Deep Learning (DL) to predict failures or deteriorations before they happen, optimising
maintenance schedules and minimising unexpected breakdowns. Predictive maintenance models can
accurately estimate a machine's Remaining Useful Life (RUL) and predict potential failures by
analysing historical and real-time data from various sensors. This capability enhances operational
efficiency, significantly reduces maintenance costs, and prevents catastrophic failures that could
result in extensive damage and costly repairs. Identifying historical diagnostic information from
historical data can result in identifying the failing profiles for further prevention, such as reducing
operational temperatures or others [2].
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The financial implications of predictive maintenance are substantial. According to industry
reports, companies implementing predictive maintenance can increase uptime by up to 20%, enhance
productivity by 25%, decrease breakdowns by 70%, and reduce maintenance expenses by 25% [3].
However, the adoption of predictive maintenance is not without its challenges. These include the
initial implementation costs, such as the considerable investment in data acquisition and model
development, the complexity of the systems, the required computational resources, the time for setup,
and the potential for prediction inaccuracies [4]. Despite these hurdles, the substantial cost savings
and operational benefits of predictive maintenance over traditional methods often make the
investment worthwhile. For instance, in the oil industry, the application of DL-based anomaly
detection for Electric Submersible Pumps (ESPs) is critical. Current predictive maintenance
techniques are often hampered by high false alarm rates, which can lead to alert fatigue and missed
critical failures [5], [6]. These limitations result in significant non-producing time (NPT); industry
reports highlight that unplanned downtime can cost a major offshore platform millions of dollars per
event and underscore the urgent need for improved Al-driven solutions to mitigate these losses [5].
The adoption of advanced data-driven approaches, particularly ensemble learning and deep learning
models, is a key research direction to overcome these challenges. Recent studies demonstrate that
such models can significantly enhance prediction accuracy and reliability for oil and gas equipment,
directly addressing the high costs of downtime and equipment failure [6], [7].

As industries continue to embrace digital transformation, the development and application of
predictive maintenance models have become increasingly sophisticated. The advent of advanced
machine learning techniques, coupled with powerful computational resources, has enhanced the
accuracy and efficiency of predictive maintenance systems. Unlike deep learning models, traditional
machine learning algorithms have more straightforward computational requirements and are easier to
interpret as they do not involve deep architectures and complex optimisation techniques. However,
they do not perform as well as deep learning models for larger and higher-dimensional data. This
paper explores the effectiveness of various machine learning models and hardware configurations for
predictive maintenance, providing valuable insights into their performance and computational
requirements. By systematically evaluating these models, we aim to contribute to the ongoing efforts
to refine predictive maintenance practices and help organisations achieve excellent operational
reliability and cost efficiency.

The subsequent sections of this paper are structured as follows: Section 2 provides a literature
review on predictive maintenance, covering traditional statistical approaches, machine learning
methods, and deep learning architectures. Section 3 details the methodology, including the dataset
description, data preprocessing steps, and the experimental setup for each of the four machine
learning tasks. Section 4 presents and critically discusses the experimental results, analysing the
performance of various models across different tasks. Finally, Section 5 concludes the paper by
summarising the key findings, highlighting the practical implications, and outlining future research
directions.

2. LITERATURE REVIEW

Predictive maintenance (PdM) has evolved significantly with advancements in machine learning
(ML) and deep learning (DL), enabling more accurate failure predictions and optimised maintenance
schedules. This section reviews key methodologies, including traditional statistical approaches,
traditional ML models, and modern DL architectures, highlighting their applications and limitations
in PdM.

2.1. Traditional Statistical Approaches

Early approaches to time series analysis relied on statistical methods such as autoregressive (AR)
models [8] and exponential smoothing [9], [10]. These methods are computationally efficient and
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interpretable but often struggle with non-linear patterns and high-dimensional data. Structural time-
series models, which decompose data into trend, seasonality, and noise components, have also been
widely used [11]. Gaussian processes [ 12] represent a classical machine learning approach with strong
statistical foundations, offering robust probabilistic frameworks for time-series prediction. Recent
extensions, such as deep Gaussian processes [13], bridge traditional statistical methods with modern
deep learning techniques.

2.2. Traditional Machine Learning Methods

Traditional ML algorithms, such as kernel regression [13] and Support Vector Regression (SVR) [14],
have been applied to time-series forecasting. These methods excel in capturing non-linear
relationships but require careful feature engineering. Decision trees and ensemble methods like
Random Forests [15] and XGBoost [16] are robust for handling heterogeneous data and feature
interactions, making them popular for PdM tasks [17]. However, their performance often plateaus
with high-dimensional or sequential data, where DL models typically outperform them.

2.3. Deep Learning for Time Series and Predictive Maintenance

Deep learning models, particularly recurrent neural networks (RNNs), have revolutionised sequential
data analysis. Long Short-Term Memory (LSTM) networks [18], [19] and Gated Recurrent Units
(GRUs) [20] address the vanishing gradient problem in traditional RNNs, enabling longer sequence
modelling. Bidirectional LSTMs (BiLSTMs) [21] further enhance performance by capturing both
past and future contexts. For spatial-temporal data, 1D convolutional neural networks (CNNs) [22]
combined with LSTMs (CNN-LSTM) [23] extract local patterns and temporal dependencies
effectively. Transformers [24] have emerged as a powerful alternative, leveraging self-attention
mechanisms to model long-range dependencies without recurrence. Their applications in time-series
forecasting [25] and PdM [26] demonstrate superior performance in capturing complex patterns.
WaveNet [27], originally designed for audio generation, has been adapted for time-series prediction
due to its dilated convolutions, which efficiently model multi-scale dependencies.

2.4. Anomaly Detection and Autoencoders

Autoencoders (AEs) are widely used for anomaly detection in PAM. Variational autoencoders (VAEs)
[28] introduce probabilistic latent spaces, while sparse autoencoders [29] enforce sparsity constraints
for robust feature learning. Attention-based AEs [30] and transformer AEs [24] further improve
reconstruction fidelity by focusing on salient features. Comparative studies [31] highlight the trade-
offs between model complexity and detection accuracy in industrial applications.

2.5. Challenges and Gaps

Despite these advancements, challenges remain:

1. Imbalanced Data: PdM datasets often exhibit severe class imbalance, necessitating techniques
like synthetic minority oversampling (SMOTE) [32] or cost-sensitive learning [33].

2. Interpretability: DL models, while accurate, are often seen as "black boxes." Hybrid
approaches combining DL with explainable Al (e.g., LIME [34]) are gaining traction.

3. Computational Costs: Training complex models like transformers requires significant
resources, motivating research into lightweight architectures enabling better accuracy-
efficiency trade-off (e.g., MobileNet for edge devices; [35]).

4. IoT Big Data Vs and failure modelling: The Vs (Volume, Velocity, Variety, Veracity, and
Value) require careful handling from one industry to another. The sequence length appropriate
for failure buildup will vary depending on the machines being monitored. The handling of
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missing values and noisy data will differ, and the computational cost for the different models
will also vary.

2.6. Recent Trends

Recent work explores federated learning for PdAM [36] to address data privacy concerns and
reinforcement learning (RL) for adaptive maintenance scheduling [37]. The integration of physics-
informed ML [38] is also promising, combining domain knowledge with data-driven models.
Furthermore, the increasing adoption of digital twins [39] and the Internet of Things (IoT) [48] in
industrial settings provides unprecedented opportunities for real-time data collection and analysis,
which are crucial for advanced predictive maintenance. The development of robust and scalable data
pipelines [49] is crucial for handling the volume and velocity of data generated by these systems.
Additionally, the application of transfer learning [40], meta-learning and multi-modal approaches [41]
is gaining traction, allowing models to leverage knowledge from different domains or tasks, thereby
reducing the need for extensive historical data in new deployment scenarios. Adversarial learning
[42] is also being explored to enhance model robustness against noisy or adversarial sensor data,
ensuring reliability even under suboptimal conditions.

3. METHODOLOGY

Our study utilised a subset of the publicly available Backblaze Basic Drive Information dataset, a rich
source of daily S.M.A.R.T. (Self-Monitoring, Analysis, and Reporting Technology) attribute readings
from a large population of operational hard drives. Each record corresponds to a single disk on a
specific day, identified by model, serial number, and capacity. The target variable is a binary failure
label, where '1' signifies the final day preceding a drive failure and '0' indicates normal operation.

Table 1: Backblaze Dataset Summary

Description Value Notes

Total Raw Records ~3.2 million From 2017 data

Number of Features 95, 28 after preprocessing S.M.A.RT. attributes

Normal Instances (Class 0) 3,196,318

Failure Instances (Class 1) 234 Highly Imbalanced
Training Period Q1-Q3 2017

Testing Period Q4 2016

Data preprocessing was critical for ensuring data quality and experimental consistency.
Incomplete rows containing missing values were removed to preserve data integrity. The profound
class imbalance (Table 1) posed a significant challenge for classification tasks. To mitigate this, we
down sampled the majority 'normal’ class to create a balanced training set, a necessary step to prevent
models from simply learning always to predict the majority class. For regression tasks, we focused
exclusively on disks that eventually failed, calculating the Remaining Useful Life (RUL) for each
daily reading as the number of days remaining until the failure event.

For time-series and autoencoder tasks, we constructed sequences of consecutive daily sensor
readings. Gaps in the sequential data for a given disk were filled using a forward-fill method,
propagating the last observed value forward. Sequences that ended in a failure event were labelled
'l', while sequences from consistently healthy drives were labelled '0'.

3.1. Experimental Framework Overview

To conduct a comprehensive evaluation, we designed four distinct machine learning tasks that
represent common predictive maintenance scenarios. The models evaluated for each task are
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summarised in Error! Reference source not found., providing a clear map of our experimental
design. A detailed explanation of these models is presented in Supplement 1.

Table 2: Summary of Experimental Tasks and Models

Task

Objective Models Evaluated

SVR, Linear, Ridge, Lasso, Elastic Net, Decision Tree, Random Forest,

1. Regression Predict Remaining Useful Life (RUL) XGBoost, ANN

2. Classification Blnar\( sta.te (Fail/Normal) Logistic Regression, SVM, Random Forest, XGBoost, LightGBM, CatBoost,
classification ANN

3. Time Series Predict failure in the future

Classification (Fail/Normal in look-ahead days)

LSTM, GRU, BiLSTM, CNN-LSTM, Transformer, WaveNet, TFT

4. Anomaly Detection

Identify anomalies (to predict fail) via Dense AE, Sparse AE, VAE, LSTM AE, CNN AE, Attention AE, Transformer
reconstruction error AE

3.2 Model Architectures and Training Configuration

3.2.1 Regression and Classification Models

For the traditional tasks of regression and classification, we employed a suite of established
algorithms implemented in scikit-learn [38] and XGBoost [44]. This selection was designed to
benchmark a spectrum of approaches, from simple linear baselines to complex, state-of-the-art
ensembles.

Linear Models (Linear Regression, Ridge, Lasso, Elastic Net): These were included as
fundamental baselines. Ridge and Lasso regression introduce L2 and L1 regularisation,
respectively, to prevent overfitting in the high-dimensional S.M.A.R.T. data. Elastic Net was
selected to combine the benefits of both L1 and L2 regularisation, which is often robust for
correlated predictive features commonly found in sensor data.

Support Vector Machines (SVR, SVM): Chosen for their effectiveness in high-dimensional
spaces and ability to model non-linear relationships through kernel functions. They serve as a
strong non-linear baseline against the tree-based methods.

Tree-Based Ensembles (Random Forest, XGBoost, LightGBM, CatBoost): These were
the core models of our study due to their consistent top performance on tabular data problems.
Random Forest [13] was selected for its robustness against overfitting and ability to capture
complex interactions. XGBoost [14] was chosen as a leading gradient-boosting
implementation known for its speed and performance. LightGBM and CatBoost were
included as modern alternatives that offer efficient handling of large datasets and sophisticated
handling of categorical features, respectively, providing a comprehensive comparison of
leading ensemble techniques.

Artificial Neural Networks (ANN): A simple multi-layer perceptron was implemented as a
baseline deep learning model. Its performance provides a reference point for determining
whether the complexity of deep learning is justified for these specific tabular data tasks or if
more interpretable ensemble methods suffice.

Hyperparameter tuning for these models was conducted using GridSearchCV and

RandomizedSearchCV from scikit-learn, optimising key parameters such as the number of estimators,
maximum depth, learning rate (for boosting algorithms), and regularisation strengths.

3.2.2 Deep Learning Models for Time Series Classification

For predicting future failures based on sequences of past readings, we implemented several advanced
deep learning architectures in Keras/TensorFlow as detailed in Table 3. This selection represents the
state-of-the-art in sequence modelling, from recurrent networks to attention-based models.
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Long Short-Term Memory (LSTM): The canonical choice for sequence modelling, selected
as a strong baseline for capturing temporal dependencies and long-range patterns in the
degradation signals [43].

Gated Recurrent Unit (GRU): Included as a more computationally efficient alternative to
the LSTM, with a simplified gating mechanism, to test if comparable performance could be
achieved with lower resource costs [20].

Bidirectional LSTM (BiLSTM): Chosen to enhance the LSTM's capabilities by processing
sequences both forwards and backwards, allowing the model to leverage contextual

information from both past and future points within the sequence for each prediction [21],
[44].

CNN-LSTM Hybrid: This architecture was specifically selected to exploit the strengths of
both convolutional and recurrent layers. The initial 1D CNN layers efficiently extract local
patterns and features within short time windows, which are then fed into the LSTM layers to
model the longer-term temporal dependencies between these extracted features. We
hypothesised this would be particularly effective for the localised spike patterns often present
in degradation data [45].

Transformer: Implemented to test the efficacy of self-attention mechanisms for this task.
Transformers can weigh the importance of all time steps in the sequence simultaneously,
potentially capturing complex, long-range dependencies more effectively than recurrent
networks, albeit often at a higher computational cost [24].

WaveNet: Chosen for its unique use of dilated causal convolutions, which allow for an
exponentially large receptive field to capture very long-range dependencies with relatively
few layers. This makes it highly efficient and theoretically well-suited for modelling the long,
gradual degradation processes that lead to failure [46], [47].

Temporal Fusion Transformer (TFT): Implemented to explore a modern architecture
designed explicitly for interpretable, multi-horizon forecasting. Its combination of variable
selection, sequence-to-sequence processing, and interpretable attention mechanisms offers a
potential advantage in both performance and providing insights into the prediction [48].

All models were trained on sequences of sequence length days (ranging from 5 to 14) to

predict a failure look ahead days (1 to 5) into the future. Key architectural details are summarised in
Table 3. The time complexity of the models applied is expressed in terms of these variables: T:
Sequence length (number of time steps), N: Batch size (number of samples processed
simultaneously), M: Number of units in a layer (hidden dimension), C: Number of input
channels/features, and K: Kernel size in convolutional layers.

Table 3: Key Architecture Details for Time Series Models

Theoretical Time "
Average Time

Model Key Architecture Details Parameters Complexity Per per Epoch (s)
Layer
I 0,
LSTM 2 LSTM layers (68, 68 units), 20% Dropout, 2 253.68 KB OT x N x M?) 2,07
Dense layers (34, 1)
2 stacked GRU layers (84, 84 units), 20% 2
GRU Dropout, 2 Dense layers (42, 1) 283.74K8 O(T x N x M%) 2.07
. 2 stacked Bidirectional LSTM layers (48 2
BiLSTM fwd/bwd), 20% Dropout, 2 Dense layers (48, 1) 345.38 KB O(T x N x M%) 3.09
Conv1D(48) + MaxPooling, Dropout, LSTM(60), 2 O(T x N x (K
CNN-LSTM Dense layers (30, 1) 123.14 K8 X C XM + M?)) 2.05
Dense(64), MultiHeadAttention, Add+Norm, 2
Transformer FFN(32->64), Add+Norm, GAP, Dense(1) 88.88 KB O(T* x N x M) 130
5 residual blocks with dilated causal
WaveNet convolutions (filters=48), skip connections, GAP 178.50 K8 O X N x M) 134
TET Variable Selection (per-feature Dense), Multi- 35.44 KB O(T? x N x M) 599

Head Attention, LSTM(24), Simplified GRN
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Sequence Processing: Input sequences were constructed using a consecutive sequence length
of days (ranging from 5 to 16 days) to predict a failure in the next look-ahead days (1 to 5 days) into
the future.

3.2.3. Autoencoder Models for Anomaly Detection

Six autoencoder variants were implemented for unsupervised anomaly detection, where a high
reconstruction error identifies anomalies as detailed in Table 4. The time complexity variables are: T,
the sequence length; N, the batch size; M, the hidden dimension; K, the kernel size; and C, the number
of channels. The reconstruction error threshold was used in a supervised manner by sorting the MSE
of the reconstructed sequences in the test set and identifying as failed disks the sequences with the
highest MSE after the number of regular disks in the test set. This enabled the AE models to be used
for classifying sensor data as usual or failing, based on the highest anomaly in reconstruction
compared to the regular disks.

Table 4: Key Architecture Details for Autoencoder Models

Theoretical
Time Average
Model Encoder Decoder Loss Parameters . Time per Rationale
Complexity Epoch (s)
Per Layer P
Dense FC (21-564-332) FC (32-564->21) MSE 27.21KB O(N x M) 0.39 z"_;:;'iie
Learning
Sparse : (2164) + L1 FC (64->21) MSE 10.83 KB O(N x M) 0.26 compact
& features
VAE FC (128,64) = (i, FC (64,128) MSE+ 42706 kB O(N x M)  0.33 Probabilistic
logo?) KL latent space
RepeatVector + O x N Temporal
LSTM LSTM(128) LSTM(128)+LSTM(21) MAE 863.22 KB % Mz) 1.75 sequences
Conv1D(160)+Pool+ UpSample+Conv1D(8 .
CNN1D ConviD(80)+Pool+C  O)+UpSample+Convl  MSE 708.85 KB 2(71; f( Ig) 2.66 LZ‘:; :ria“a'
onv1D(4) D(160)+Conv1D(21) P
. FC (21->64) + Self- O(T* x N Attention
Attention Attention FC (64->21) MSE 10.83 KB x M) 0.37 mechanisms
MultiHeadAttention Flatten + FC(16) + Full
+FC(32) + FC(336) + Reshape + O(T?> X N
Transformer LayerNorm (3 MultiHeadAttention + MSE 242.65K8 X M) 311 ;i?\?::i:ﬁ;
blocks) FC(32)

3.3. Hyperparameter Optimisation and Evaluation Metrics

Hyperparameter optimisation was a critical step. We employed GridSearchCV for an exhaustive
search on smaller parameter spaces and RandomizedSearchCV for efficiency on larger spaces.
Bayesian optimisation was also explored for its sample efficiency. All models were evaluated using
appropriate metrics: Mean Squared Error (MSE) for regression tasks, and Accuracy, Precision, Recall,
and F1-Score for classification and anomaly detection tasks. The F1-score for the minority 'failure'
class was particularly emphasised due to the inherent class imbalance.

4. RESULTS AND DISCUSSIONS

The experiments utilised the Backblaze dataset from 2017, covering all three quarters for training,
with data from Q4 2016 reserved for testing. The 2017 dataset was further divided into an 80:20
training-to-testing ratio for the regression models. The results indicate that fine-tuning
hyperparameters significantly enhances performance compared to trial-and-error approaches.
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4.1. Regression and Classification Results

Regression experiments utilising the Backblaze dataset from 2017 (all four quarters for training, with
Q4 2016 reserved for testing) demonstrated distinct performance patterns across model architectures,
as illustrated in Fig. 1. Traditional regression models, including Lasso (MSE: 6576.155) and Elastic
Net (MSE: 6585.827), provided solid baseline performance in predicting Remaining Useful Life
(RUL). However, ensemble methods significantly outperformed these linear approaches, with
Random Forest (MSE: 5705.456) and Decision Trees (MSE: 5753.634) capturing non-linear
relationships more effectively. Hyperparameter tuning yielded substantial improvements, as
evidenced by the fine-tuned Random Forest achieving an MSE of 35.978 and the optimised Decision
Tree reaching 235.817, representing 99.4% and 95.9% error reductions, respectively, from their
baseline counterparts.

Neural networks presented both challenges and insights throughout the experimentation
process. Initial architectures with 3 and 5 layers produced excessively high errors (4.14x10%° and
2.64x10%°, respectively), indicating significant optimisation difficulties. Through systematic
hyperparameter tuning via RandomizedSearchCV with 3-fold cross-validation, the optimal
configuration emerged as a 5-layer architecture with 10 neurons per layer, a learning rate of 1 x 1074,
a batch size of 32, and 100 training epochs. This best neural network model achieved a final MSE of
3.70%10"8 on the independent test set. While this represents a substantial improvement over untuned
neural networks, the persistent high error suggests either fundamental architectural limitations for this
regression task or the need for more sophisticated regularisation techniques. The results collectively
demonstrate that while neural networks offer theoretical advantages, tree-based ensembles provided
more reliable and interpretable performance for RUL prediction in this application.

Model MSE Comparison of the Regression Models (Logarithmic Scale)

Support Vector Regression 6903.446 Sugport Vector Regression
Linear Regression 6616.934 Linear Regression
Ridge Regression 6615.736 Ficige Regression
Elastic Net 6585.827 Beste Het
Lasso Regression 6576.155 Lasso Regression
Decision Tree 5753.634 . Decilon Tee
Random Forest 5705.456 E N
Best Fine Tuned

Hyperparameters Decision Tree 235.8174 Jest FneTuned Decsior Tee

Best Fine Tuned
Hyperparameters Random
Forest 35.97758 M- 3 Layers

Best Fine-Tuned Raadom Forest

NN - 3 Layers 4.14E+20 - 5 Layers

NN - 5 Layers 2.64E+20 Best NN Mode

Best NN Model 3.7E+18 10 il 10¢ 10% 1ok 10t
WMean Sauared Error (MSE)

Fig. 1: Regression Models MSE Comparison

In the second set of experiments, classification models were evaluated using one-day SMART
readings to predict normal or failing status for the following day, leveraging both CPU and GPU
resources on a Google Colab A100 runtime. The best-performing neural network architecture was
identified through an extensive hyperparameter optimisation process using RandomizedSearchCV
with 3-fold cross-validation across 10 different parameter combinations. The search varied multiple
architectural parameters: number of layers (3-6), neurons per layer (10-150), learning rate (0.0001-
0.1), batch size (16-64), and training epochs (10-30). The optimal configuration consisted of 3 hidden
layers with 150 neurons each, a learning rate of 0.00046, a batch size of 32, and 20 training epochs.
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As illustrated in Fig. 2, tree-based ensembles demonstrated superior performance, with
Random Forest on GPU achieving the highest accuracy of 86.99% and XGBoost reaching an accuracy
of 85.63%. The best-performing neural network on GPU achieved an accuracy of 45.44% with a
substantial training time of 4.674 seconds, suggesting fundamental architectural limitations in
capturing the relevant patterns from SMART data despite extensive hyperparameter tuning. This
performance gap highlights the challenge of applying standard feedforward networks to this specific
predictive maintenance application.

The class balancing resulted in an accuracy improvement from 100% to approximately 86%,
and the Fl-score of the "fail" class improved from 5% to 82% using the XGBoost model,
demonstrating the model's most significant sensitivity to class imbalance. The down-sampling
strategy utilised 281 normal instances and 234 failure samples, creating a balanced dataset that
prevented the artificial inflation of accuracy metrics while maintaining representative characteristics
of the original data distribution. This approach proved particularly effective for the gradient boosting
methods, which achieved consistent performance in the 86-87% accuracy range after balancing. The
confusion matrices of the XGBoost model before and after balancing are shown in Table 5. The
model's performance comparison is illustrated in Fig. 3. The detailed experimental results of these
models are presented in Supplement 2.

Model Accuracy Training Model Accuracy Comparison
Time
Logistic
Regression/ CPU 0.67 0.060373
GPU 0.87 0.481323
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SVM/ GPU 0.54 0.818962 oo 02 o4 06 08 Lo
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SVM/ CPU 0.54 0.321264
Model Training Time Comparison
LightGBM/ CPU 0.86 0.091085
Best NN GPU -
CatBoost/ GPU 0.87 1.967428 MLPClassifier CPU -
CatBoost CPU -}
CatBoost/ CPU 0.86 0.226136
CatBoost GPU -
MLPClassifier/ LightGBM CPU -
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Fig. 2: Comparing Training Time and Accuracy of Classification Models
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Table 5: XGBoost Confusion Matrices a) before balancing, and (b) after balancing

(@) (b)
Class Precision Recall F1-Score Support Class Precision Recall F1-Score Support
Normal 1 1 1 3196318 Normal  0.81 0.99 0.89 281
Fail 0.75 0.03 0.05 234 Fail 0.98 0.71 0.82 234
aceuracy 1 3196552 accuracy 0.86 515
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Fig. 3: Comparing Classification Models by Device

4.2. Time Series Models Classification Results
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(c) (d)
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Fig. 4: Time Series Classification Models performance: (a) Temporal Analysis showing best model for each
sequence length and look-ahead days for the F1-score for the Fail class, (b) Precision-Recall Analysis, (¢) Model
size vs Accuracy, and (c) Training Efficiency vs Accuracy

The third set of experiments compared seven deep learning architectures for time series
classification models on different sequence lengths and look-ahead days. The different configurations
created 350 experiments across sequence lengths of 5-14 days and lookahead periods of 1-5 days.
The models evaluated as con Fig.4d in Table 3 achieved overall test accuracy ranging from 60% to
92%, while F1-scores for failure detection varied between 31% and 68%, demonstrating significant
performance variations across different architectural approaches.

The TFT model proved to be the most effective for predicting hard drive failures using
S.M.A.R.T. data. Despite having the fewest parameters (35.4K), TFT had the highest computation
overhead due to its architectural requirements. It achieved the highest average test accuracy (86.12%)
and the smallest generalisation gap (10.28%), demonstrating superior robustness and efficiency. Its
consistent performance across all configurations—coupled with the lowest standard deviation in
accuracy (0.16)—indicates a strong ability to generalise without overfitting, making it particularly
suitable for real-world deployment where model stability and parameter efficiency are critical.

The GRU model attained the highest fail-class F1-score (50.08%), indicating better sensitivity
to impending failures. It exhibited higher variance in performance (StdDev accuracy: 5.58) and a
larger generalisation gap (17.14%). More complex architectures, such as the Transformer and
WaveNet, significantly underperformed, suffering from severe overfitting and instability, which
suggests that their inductive biases are misaligned with the temporal structure and signal-to-noise
ratio inherent in S.M.A.R.T. data.

The temporal parameter analysis revealed that sequence length and lookahead period showed
varying optimal configurations across architectures. The best models for different metrics, varying
sequence lengths, and look-ahead days are illustrated in Fig. 4 (a). Increasing the sequence length had
a limited impact overall; however, BILSTM and WaveNet showed the most improvement.
LSTM/GRU performed very low on shorter sequence lengths (5—7 days), then improved around 10—
12 days; CNN-LSTM improves up to ~10 days, then levels off. While the Transformer performance
is consistent across sequence lengths, validating its insensitivity to sequence window choice. As
lookahead days increased (prediction horizon), performance degraded across all models, reinforcing
that short-term failure forecasts (1-3 days) are more reliable than longer-term predictions in this
dataset. However, Transformer remained stable, although not the top-performing model, and BiLSTM
and WaveNet maintained the most resilience at 45 days, though with noticeable drops.

The precision-recall analysis revealed distinct trade-offs among models, with some
architectures favouring high precision (reducing false alarms) while others prioritised recall
(maximising failure detection). Fig. 4 (b) shows a Pareto frontier: as we move to the right to capture
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more failures (higher recall), we are forced to accept a higher rate of false alarms (lower precision).
No model can dominate in both metrics simultaneously. The High-Precision / Low-Recall Cluster
(Top-Left) includes TFT and GRU, which are ideal for extremely cost-sensitive operations where the
expense of unnecessary drive replacements (labour, parts) is the primary concern. TFT would be
chosen if operational efficiency is the absolute top priority. The Balanced Cluster (Middle) comprises
LSTM, CNN-LSTM, and Bi-LSTM models. These are the best general-purpose choices for most
predictive maintenance scenarios. It offers a good balance, reducing operational costs from false
alarms while also providing a strong safety net by catching most failures. Finally, the High-Recall /
Low-Precision Cluster (Bottom-Right) includes WaveNet and Transformer models. These are useful
for safety-critical or high-availability systems where the cost of a missed failure and subsequent
downtime is unacceptably high (e.g., core banking systems, medical data storage).

The computational efficiency analysis reveals a compelling inverse relationship between
computational efficiency and generalisation performance, as illustrated in Fig. 4 (¢) and (d). The most
parameter-heavy models like BIiLSTM (345.4K params) and GRU (289.7K params) are
computationally expensive per epoch yet exhibit some of the most significant generalisation gaps
(22.2, 17.1) and high variance in performance (StdDev Accuracy: 5.58 for GRU), indicating poorer
stability and overfitting. In stark contrast, the most efficient model, the Transformer (88.9K params),
trains the fastest (1.34s/epoch) but achieves the lowest F1 score (44.0%) and the highest
generalisation gap (24.8%), suggesting it may be underfitting the failure class. Striking an optimal
balance is the TFT, which, despite having the fewest parameters (35.4K) and the slowest training time
per epoch (5.91s), demonstrates superior overall performance. It achieves the highest test accuracy
(86.1), the smallest generalisation gap (10.3), and the lowest variance (StdDev Accuracy: 0.16),
proving to be the most robust, stable, and well-generalising model, likely due to its more complex
internal architecture that requires longer to train but learns a more effective representation.

These results provide crucial insights to consider when implementing deep learning-based
predictive maintenance systems in storage and computational infrastructure, sequence lengths for
failure buildup analysis, and possible predictive horizon enabling informed decisions regarding model
architecture selection, hyperparameter optimisation, and deployment considerations based on
accuracy requirements, computational constraints, and operational priorities. TFT emerged as the best
overall model for predictive maintenance on SMART data under constrained parameter budgets in
the experiments presented in this paper. The detailed experimental results of the time series
classification models are presented in Supplement 2.

4.3. Anomaly Detection Models Results

Training Time Comparison Model Accuracy Comparison

Fig. 5: AutoEncoder Models Comparison of Training Time and Accuracy Comparison for both Normal and Fail
Classes

The performance of seven autoencoder (AE) models was compared in the fourth set of
experiments. The autoencoder model's reconstruction error of each model was used to identify a
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threshold between the normal class and the anomalies / fail class. Each model suggested a threshold
based on its reconstruction error and our prior knowledge of the fail class of this supervised dataset.
Fig. 5 shows that the LSTM Autoencoder (LSTM AE), which took 326.58 seconds to train, achieved
an accuracy of 80.17% for normal instances but only 48.72% for failure detection. This suggests that
while the LSTM AE effectively captures sequential patterns, it struggles with detecting anomalies.
The recommended threshold of 0.1448 reflects a balanced trade-off between sensitivity and
specificity.

The CNN1D Autoencoder (CNN1D AE), trained in 176.70 seconds, had the highest accuracy
for failure detection at 50.85% and slightly better accuracy for normal instances at 81%. Its
performance suggests that convolutional layers are effective for capturing local patterns, with a
shorter training time compared to LSTM AEs. However, its threshold of 0.1608 indicates a higher
sensitivity to false positives. The Dense Autoencoder (Dense AE), which was trained in just 41.75
seconds, converged quickly but showed the lowest failure detection accuracy at 47.86%. While
efficient, it may lack the capacity to model complex patterns required for effective anomaly detection.
The threshold of 0.0743 reflects both its efficiency and its limitations in detecting rare events. The
Variational Autoencoder (VAE), which required 34.67 seconds for training, achieved the lowest
accuracy for both normal (75.67%) and failure classes (37.18%). Its probabilistic approach introduces
variability that likely impacts its performance in distinguishing failures. The high threshold of 0.4093
suggests compromised reconstruction quality. The Sparse Autoencoder (Sparse AE), with a training
time of 31.05 seconds, outperformed the VAE, achieving 77.67% accuracy for normal instances and
42.31% for failure detection. The sparsity regularisation aids feature extraction but may still fall short
in capturing all necessary patterns. The threshold of 0.3387 represents a moderate balance between
sensitivity and specificity. The Attention-Based Autoencoder (Attention AE), which was trained in
38.25 seconds, achieved similar accuracy rates to the LSTM AE for normal (80.00%) and failure
(48.29%) classes. Integrating attention mechanisms enhances feature focus and overall performance,
with a threshold of 0.0832 indicating a balanced sensitivity.

Finally, the Transformer Autoencoder (Transformer AE), requiring the longest training time
of 362.57 seconds, achieved the highest failure detection accuracy of 49.57% and competitive
performance for normal instances at 80.50%. The Transformer’s self-attention mechanism effectively
captures complex relationships, with a threshold of 0.0842 reflecting a nuanced balance between
accuracy and training time. As seen with the Transformer AE, longer training times often correlate
with higher accuracy. In comparison, models with shorter training times, like Sparse AE and Dense
AE, offer quicker convergence but at the expense of lower performance. These results highlight the
importance of striking a balance between model complexity, training efficiency, and accuracy,
tailored to specific application requirements. The detailed experimental results of the anomaly
detection models are presented in Supplement 2.

4.4. Hardware Considerations

Hardware constraints significantly influenced experimental design and dataset selection. Shared
academic clusters impose memory and storage limitations, restricting large-scale experimentation.
Google Colab's A100 GPU runtime (80 GB memory) proved suitable for processing annual data (four
quarters), consuming over 500 compute units across initial machine learning tasks. Regression
analyses using decision trees and random forests were conducted on a laptop equipped with an 11th
Gen Intel Core 15-1135G7 processor and 16 GB of DDR4 memory. Classification tasks involving
single-day SMART readings, 5-day sequences, and autoencoders (LSTM and 1D CNN) were utilised
on NVIDIA's DLi Azure Cloud platform, which consisted of 48 Intel Xeon Platinum 8259CL CPUs
and four Tesla T4 GPUs (each with 16 GB of memory). Additional validation experiments employed
Google Colab's NVIDIA A100-SXM4-40GB (12 Xeon CPUs, 80 GB RAM) and an HP OMEN laptop
with Intel Core 19-14900HX processor and NVIDIA GeForce RTX 4080. XGBoost performance
across hardware configurations demonstrated the critical importance of accelerator selection and
library optimisation (Table 6 and Fig. 6). GPU acceleration achieved speedups of 204.7%—-5055.3%
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over CPU implementations, although cuDF utilisation failed on the RTX 4080 due to memory
constraints (143 MB available versus 1.24 GB required).

Table 6: XGBoost performance using different dataframes libraries on different platforms

Nvidia DLi MS Azure Platform Google Colab HP OMEN

CPU: 60.5 seconds CPU: 67.8 seconds CPU :18.0 seconds

GPU (no cuDF): 21.9 seconds GPU (no cuDF) 5.1 seconds GPU (no cuDF):8.8 seconds

GPU (cuDF) : 13.2 seconds GPU (cuDF): 1.3 seconds GPU (cuDF): Not Enough memory

Total speed-up with RAPIDS: 459.6%  Total speed-up with RAPIDS: 5055.3% Total speed-up with RAPIDS: 204.7 %

To quantitatively evaluate GPU capabilities, we developed a weighted scoring model
incorporating seven hardware characteristics:

Strength = 0.25 x Memory Bandwidth + 0.20 x Tensor Performance + 0.15 x VRAM Capacity + 0.15 x FP32 Performance
+0.10 x Power Efficiency + 0.10 x Multi-GPU Scaling + 0.05 x Architecture Features

where components are normalised against maximum values. This framework prioritises
memory bandwidth (favouring HBM2e architecture) and tensor performance while accounting for
multi-GPU diminishing returns (80% efficiency per additional GPU). As Table 7 demonstrates,
Google Colab's A100 achieved superior performance (score: 80.5) through exceptional memory
bandwidth (1555 GB/s) and tensor throughput (312 TFLOPS TF32), outperforming Azure's
quadruple Tesla T4 configuration (78.4) despite lower FP32 throughput. The consumer-grade RTX
4080 (57.9) ranked third, constrained by memory bandwidth (716.8 GB/s) despite strong FP32
performance. These results establish that architectural advantages in memory systems and specialised
Al accelerators outweigh theoretical peak performance for data-intensive applications, providing a
validated hardware selection framework for predictive maintenance implementations.

Comprehensive XGBoost Performance Benchmark: Hardware, Memory, and GPU Capabilities

(a) Training Time Comparison Across Platforms (b) Memory Footprint: CPU vs GPU (All Platforms)
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Fig. 6: Comparing XGBoost Classification using different Dataframe structures in both CPU and GPU of the
various platforms and hardware configurations
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Table 7: GPU Hardware Specifications

Tensor

Memory Memory Memory FP32 GPU TDP .
GPU Model . TFLOPS CUDA Cores Strength Architecture

(GB) Type Bandwidth (GB/s) TFLOPS Count (W)

(FP16)
324 )
Tesla T4 x4 (Azure) 64 GDDR6 1280 (4x320) (4x8.1) 260 (4x65) 10240 (4x2560) 4 280 78.4 Turing
x8.

A100 (Colab) 40 HBM2e 1555 19.5 312 (TF32) 6912 1 250 80.5 Ampere
RTX 4080 (Omen) 16 GDDR6X 716.8 48.74 48.74 (FP16) 9728 1 320 57.9 Ada Lovelace

S. DISCUSSIONS AND FUTURE RESEARCH DIRECTIONS

This comprehensive study presents the most extensive comparative analysis of machine learning
models for predictive maintenance applications to date, systematically evaluating traditional
algorithms, deep learning architectures, and autoencoder-based approaches across four distinct
predictive maintenance tasks. Our findings provide crucial insights into model selection criteria,
computational trade-offs, and practical implementation considerations that will guide future research
and industrial deployment decisions.

5.1 Key Findings and Contributions

This study presents a comprehensive benchmark of machine learning approaches for HDD failure
prediction, evaluating over 20 models across four distinct tasks: regression, classical classification,
deep time-series classification, and anomaly detection (AE). The consolidated results reveal critical
insights into model efficacy, efficiency, and suitability for real-world deployment.

In the regression task, tree-based ensembles demonstrated superior performance, with a fine-
tuned Random Forest model achieving the lowest MSE (35.98), significantly outperforming linear
models and deep neural networks, which suffered from severe overfitting. For classical classification
on a highly imbalanced dataset, tree-based methods (Random Forest: 86.99%, XGBoost: 85.63%)
again proved most effective and efficient, particularly when accelerated with RAPIDS on GPU,
achieving a 50x speed-up. However, their high accuracy was misleading, as the failure class F1-score
remained low (~0.05), highlighting the inherent challenge of extreme class imbalance and the
inadequacy of accuracy as a sole metric.

The most significant findings emerged from the deep learning experiments. The time-series
classification task definitively established the Temporal Fusion Transformer (TFT) as the optimal
architecture, achieving the highest average accuracy (86.12%) and smallest generalisation gap
(10.28%) with the fewest parameters (35.4K), underscoring its robustness and efficiency. The Gated
Recurrent Unit (GRU) performed best in terms of failure detection sensitivity, achieving the highest
fail-class F1-score (50.08) and a peak accuracy of 92.52%. Conversely, the anomaly detection study
found that all autoencoder variants, including a Transformer-based AE, delivered only moderate
performance (Test Accuracy: 65-73%), failing to surpass the supervised deep learning models and
reinforcing that supervised learning on temporal sequences is the most promising path for accurate
HDD prognostics.

In conclusion, the key contribution of this paper is a definitive model ranking that guides
practitioners. For tabular SMART data, tree-based models are a strong baseline. For leveraging
temporal sequences, TFT is the most robust and efficient choice, while GRU should be considered
for maximising failure recall. The poor performance of AEs and other complex architectures, such as
vanilla Transformers, suggests that architectural simplicity aligned with the data structure is
paramount for this domain.
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5.2 Practical Implications for Industrial Implementation

Our findings provide actionable guidance for organisations implementing machine learning-based
predictive maintenance systems, with clear recommendations for different deployment scenarios and
constraints.

Resource-Constrained Environments: For organisations with limited computational resources
or edge computing requirements, our results strongly support the adoption of ensemble methods as
first-choice algorithms. Random Forest and XGBoost provide excellent performance with reasonable
computational overhead and minimal hyperparameter sensitivity, making them suitable for
deployment in resource-constrained industrial environments.

The competitive performance of CPU-based implementations for these algorithms ensures that
effective predictive maintenance systems can be deployed without requiring expensive GPU
hardware, democratizing access to advanced predictive maintenance capabilities across different
organisational scales and budgets.

High-Performance Applications: For applications where predictive accuracy is paramount and
computational resources are abundant, our results support the adoption of CNN-LSTM architectures
for temporal sequence analysis, combined with ensemble methods for immediate failure detection
and RUL prediction. This hybrid approach leverages the strengths of different algorithmic paradigms
to achieve optimal performance across multiple predictive maintenance tasks.

Scalability and Maintenance Considerations: The favourable scaling properties of ensemble
methods and the efficiency of modern deep learning frameworks suggest that the approaches
evaluated in this study can be successfully scaled to larger industrial datasets and more complex
monitoring systems. However, the importance of ongoing hyperparameter optimisation and model
maintenance highlighted by our results necessitates systematic approaches to model lifecycle
management in industrial deployments.

5.3 Limitations and Methodological Considerations

While this study provides an extensive evaluation of ML and DL models using the Backblaze dataset,
several limitations must be acknowledged to contextualise the findings and guide future research. The
dataset, although large and real-world, is domain-specific, making it challenging to drive failures in
data centres. This restricts the generalizability of our results to other industrial contexts, such as
manufacturing, energy, or transportation, where equipment heterogeneity, multimodal sensor data
(e.g., vibration, thermal, and acoustics), and diverse failure mechanisms (e.g., corrosion, fatigue
cracks, and electrical faults) are prevalent. The absence of such variability limits the assessment of
model robustness under real-world conditions, which involve data volume, velocity, variety, and
veracity—key challenges in industrial IoT deployments.

Temporal Scope Limitations: Our analysis focuses on relatively short temporal sequences (5-12 days)
and prediction horizons (1-5 days), which align with the characteristics of hard drive failures;
however, this may not be optimal for equipment with longer degradation cycles. Industrial equipment
such as large turbines, generators, or process vessels (large containers used in industrial production,
like chemical reactors or storage tanks) may exhibit degradation patterns that develop over months
or years, requiring different temporal modelling approaches.

Class Imbalance Treatment: While our down-sampling approach proved effective for creating
balanced training sets, this strategy may not be optimal for all industrial applications. The choice of
balancing strategy can significantly impact model performance and should be carefully considered
based on the specific costs of false positives versus false negatives in each application domain.
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5.4 Future Research Directions

Our comprehensive evaluation reveals several promising directions for future research that could
significantly advance the field of machine learning-based predictive maintenance.

5.4.1 Advanced Architectural Innovations

Hybrid Architecture Development: The superior performance of CNN-LSTM architectures
suggests significant potential for developing more sophisticated hybrid approaches that combine
the strengths of different deep learning paradigms. Future research should explore architectures
that integrate attention mechanisms with convolutional and recurrent components, potentially
achieving better performance than any single approach.

Graph neural networks represent another promising direction for modelling complex
relationships between multiple sensors and equipment components. Industrial systems often
exhibit complex interdependencies that could be effectively captured through graph-based
representations, enabling more comprehensive failure prediction across interconnected equipment
networks [49].

Physics-Informed Machine Learning: The integration of domain knowledge and physical
principles with data-driven approaches represents an auspicious research direction. Physics-
informed neural networks that incorporate thermodynamic principles, mechanical stress models,
or electrical system behaviours could achieve better generalisation and require less training data
than purely data-driven approaches. Such approaches could be particularly valuable for equipment
types where physical degradation models are well-understood, enabling the combination of
mechanistic understanding with machine learning flexibility to achieve superior predictive
performance [50].

Recent studies focus on Deep Q-Networks (DQN) and Proximal Policy Optimisation (PPO)
for dynamic maintenance decisions. These algorithms optimise maintenance schedules by learning
from real-time sensor data, adapting to changing conditions like equipment degradation or
operational demands [51]. Hyperparameter tuning via Bayesian methods (e.g., Optuna)
significantly enhances PPO's performance, reducing energy consumption and downtime in metro
systems [52]. Algorithms like Sequential Multi-Objective Multi-Agent PPO (SMOMA-PPO)
optimise trade-offs between remaining useful life (RUL) and inspection costs, achieving ~15%
reduction in RUL waste and ~10% longer inspection intervals [53]. Combining RL
(Reinforcement Learning) with other ML techniques enhances robustness, such as DRL (Deep
RL) + Random Forest + Gradient Boosting.

5.4.2 Multi-Modal and Multi-Scale Analysis

Sensor Fusion and Multi-Modal Learning: Future research should explore approaches for
effectively combining different types of sensor data, including vibration, temperature, acoustic,
and visual monitoring systems. Multi-modal learning approaches that can jointly process
heterogeneous sensor data types could provide a more comprehensive equipment health
assessment than single-modality approaches [54].

The development of attention mechanisms specifically designed for multi-modal sensor fusion
could enable models to dynamically focus on the most informative sensor types for different
failure modes, thereby improving both accuracy and interpretability [55].

Multi-Scale Temporal Modelling: Our findings regarding the importance of temporal parameter
optimisation suggest significant potential for developing adaptive approaches that can
automatically determine optimal sequence lengths and prediction horizons for different equipment
types and failure modes [56].
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Hierarchical temporal modelling approaches that simultaneously capture short-term
fluctuations, medium-term trends, and long-term degradation patterns can provide a more
comprehensive understanding of temporal dynamics than fixed-scale approaches.

5.4.3 Explainable Al and Interpretability

Model Interpretability Enhancement: The practical deployment of machine learning-based
predictive maintenance systems requires models that can provide explanations for their
predictions, particularly in safety-critical applications. Future research should focus on developing
interpretability techniques specifically designed for predictive maintenance applications.

Attention visualisation techniques for deep learning models could provide insights into which
sensors and time periods are most indicative of impending failures, enabling maintenance
personnel to better understand and trust model predictions. Similarly, feature importance analysis
for ensemble methods could identify the most critical monitoring parameters for different failure
modes.

Uncertainty Quantification: The development of approaches for quantifying prediction
uncertainty represents a critical need for the practical deployment of predictive maintenance.
Bayesian deep learning approaches or ensemble-based uncertainty estimation could provide
confidence intervals for failure predictions, enabling more informed maintenance decision-
making [57].

5.4.4 Adaptive and Continual Learning

Online Learning and Model Adaptation: The characteristics and operating conditions of
industrial equipment evolve over time due to ageing, maintenance activities, and changing
operational requirements. Future research should explore online learning approaches that can
continuously adapt predictive maintenance models based on new data and feedback from
maintenance activities. Continual learning techniques that can incorporate new failure modes
without forgetting previously learned patterns could enable predictive maintenance systems to
evolve and improve over their operational lifetime.

Transfer Learning and Domain Adaptation: The development of approaches for transferring
knowledge between different equipment types, operating conditions, or industrial environments
could significantly reduce the data requirements for deploying predictive maintenance systems in
new contexts.

Meta-learning approaches focus on developing models that can quickly adapt to new tasks with
minimal data, making it particularly useful when introducing new equipment. These approaches
could democratize access to advanced predictive maintenance capabilities across diverse
industrial applications [58]. Adversarial Learning enhances models' robustness against noisy or
adversarial sensor data, ensuring reliability even under suboptimal conditions. Training models
with adversarial techniques can maintain accuracy in industrial settings where data quality may
be compromised [59].

5.4.5 Integration with Industrial IoT and Edge Computing

Edge Computing Optimisation: The increasing deployment of edge computing in industrial
environments necessitates research into model compression and optimisation techniques
specifically designed for predictive maintenance applications. Techniques such as knowledge
distillation, pruning, and quantisation could enable the deployment of sophisticated models on
resource-constrained edge devices.

Federated Learning for Predictive Maintenance: The development of federated learning
approaches that can train predictive maintenance models across multiple industrial sites while
preserving data privacy represents an important research direction. Such approaches could enable
the development of collaborative models that benefit from diverse operational data while
addressing industrial data security concerns [60].
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5.5 Concluding Remarks

This study establishes a rigorous, multi-faceted benchmark for machine learning in predictive
maintenance, providing empirical evidence to guide model selection. The key conclusion is that
optimal architecture is highly dependent on data structure and operational objectives: tree-based
ensembles excel on static tabular data, while deep temporal models are paramount for sequential
sensor data.

Our findings specifically demonstrate the superiority of the Temporal Fusion Transformer (TFT) for
robust multi-horizon forecasting and the Gated Recurrent Unit (GRU) for maximising failure recall.
These results, coupled with the quantified computational trade-offs between CPU and GPU
implementations, offer a clear framework for developing efficient and reliable prognostic systems.

Future work should focus on integrating these models into scalable, real-time monitoring
frameworks and exploring their generalizability across other industrial assets and failure modes. By
advancing these research directions, this work contributes a foundational step towards more resilient,
data-driven industrial operations, ultimately enhancing reliability and sustainability.
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